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ABSTRACT

This thesis explores the potential of using choroidal nevi retinal images to
identify melanoma risk factors, employing advanced machine learning tech-
niques. Utilizing a comprehensive dataset annotated by ocular oncology spe-
cialists, the study develops and validates models capable of distinguishing
benign nevi from those at risk of transforming into melanoma. Our models
achieve a peak Area Under the Curve (AUC) of 0.93 for identifying significant
risk factors, outperforming baseline models such as ResNet-50. A significant
focus of this research is on enhancing the interpretability of these AI models,
ensuring that the diagnostic predictions are transparent and can be under-
stood by clinicians. This approach not only improves trust in Al-driven
diagnostics but also facilitates deeper insights into the decision-making pro-
cess of the models. Moreover, the models demonstrate robust performance
under various imaging conditions, including a maximum performance drop of
only 5.28% at 40% zoom out, highlighting their utility in diverse clinical set-
tings. The results demonstrate the efficacy of the models in identifying key
risk factors and predicting nevi transformation, which could lead to earlier
interventions and potentially improved patient outcomes in ophthalmology.
This thesis sets the groundwork for future research aimed at integrating Al
with traditional imaging techniques to create more robust, interpretable, and

clinically applicable diagnostic tools.
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CHAPTER 1

INTRODUCTION

A significant challenge confronting the global healthcare community is the in-
sufficient availability of medical professionals to screen and diagnose special-
ized diseases. This deficit is especially felt in remote and developing regions,
where geographic and economic barriers limit access to trained specialists.
Patients in these areas are often dependent on primary care providers, result-
ing in referrals to specialized medical professionals and notable delays in the
diagnosis and treatment processes. For individuals afflicted with terminal
diseases, these delays can substantially diminish survival prospects.

Ophthalmology is an area of medicine profoundly impacted by the shortage
of specialists. The number of ophthalmologists has remained constant since
1990, while the number of patients over 65 is projected to increase by 42%
and 83% by 2030 and 2050, respectively [1]. A shortage of specialists poses
increased risks to patients with ocular conditions such as choroidal melanoma,
the most common intraocular malignancy in adults, with an incidence of
approximately five cases per million people in the United States [2]. Close
to 50% of patients with choroidal melanoma will develop metastasis within
10 years of diagnosis, leading to a very poor prognosis with a survival time
of 6-12 months [3, 4]. The timely detection of this condition plays a pivotal
role in achieving enhanced local tumor control and ultimately improving
prognosis.

The precursor lesion to choroidal melanoma, called choroidal nevus, is a
benign tumor with a prevalence estimated as high as 5% of the general pop-
ulation [5]. Though no specific guidelines exist, frequent screening with mul-
timodal imaging is typically recommended to detect possible conversion to
melanoma. However, the accessibility of advanced imaging facilities is limited
in underserved regions; thus, color fundus photography is often utilized as it
is the most accessible, cost-effective, and user-friendly method for document-

ing retinal and optic nerve conditions. Moreover, the challenge of identifying



lesions that have transformed or are at high risk of transforming continues
to complicate the responsibilities of eye care providers, frequently necessitat-
ing referrals to retina and ocular oncology specialists [6]. Interestingly, in a
recent study, it was found that among a group of 300 neuro-ophthalmology
patients, about 40% of referred patients had been misdiagnosed, while 49%
patients had been at least partially misdiagnosed [7].

Artificial Intelligence (AI) holds considerable promise as a diagnostic aid in
medicine, with the potential to significantly streamline the diagnostic path-
way by reducing unnecessary specialist referrals. Research has indicated that
certain risk factors serve as early predictors of the progression from choroidal
nevi to melanomas. While some of these indicators are readily identifiable,
others require detection by skilled specialists. This study proposes a frame-
work for a diagnostic tool designed to accurately identify these risk factors,
thereby supporting eye care providers in the screening process. Utilizing
data annotated by ocular oncology specialists and cutting-edge Al models,
this tool offers a comprehensive, interpretable, and user-friendly solution for
enhancing diagnostic accuracy in ophthalmological care.

The following diagram summarizes the approach utilized in this study to

achieve the desired objectives:

____________________________________
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Figure 1.1: Proposed framework for this study: (a) data preparation, (b)
training strategy, (¢) model outcomes, and (d) interpretability



CHAPTER 2

BACKGROUND

2.1 Al in Healthcare !

The advent of artificial intelligence (AI) in healthcare marks a significant
shift towards more precise, efficient, and patient-centered medical services.
AT’s ability to process vast amounts of data rapidly and with high accuracy
is revolutionizing various aspects of the healthcare industry, from diagnostic
procedures to patient management and drug discovery. This transformation
is facilitated by advancements in machine learning (ML), computer vision
(CV), and natural language processing (NLP), enabling healthcare systems

to offer enhanced care delivery.

Medical
Imaging and
Diagnostics

Medical
Billing and
Claims

Virtual

Patient
Care
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Healthcare

Medical
Research Robotic
and Drug Surgery
Discovery

Figure 2.1: Al for healthcare, summarized

! Adapted from [8] and [9]



2.1.1 Al in Medical Imaging and Diagnostics

One of the most prominent applications of Al in healthcare is in the field
of medical imaging and diagnostics. Al algorithms, particularly those based
on deep learning, are increasingly employed to analyze images from X-rays,
MRIs, and CT scans to detect and diagnose conditions from orthopedic issues
to oncological diseases. For example, Al systems have been developed to
identify patterns in imaging data that are indicative of diseases such as breast
cancer, lung nodules, and cardiovascular abnormalities. These systems not
only improve the accuracy of diagnoses but also significantly reduce the time

taken to interpret scans, thus speeding up the patient care process.

2.1.2 Al in Virtual Patient Care

Al significantly enhances virtual patient care by integrating with Electronic
Health Records (EHRs) to facilitate the management of chronic diseases and
continuous patient monitoring. Through the use of ML and NLP, Al an-
alyzes data collected via wearable technologies and EHRs to provide real-
time feedback and health alerts to both patients and healthcare providers.
This integration allows for a comprehensive view of a patient’s historical and
real-time health data, enhancing decision-making and enabling a proactive
approach to healthcare. The advent of Large Language Models (LLMs) has
also significantly improved virtual assistance by understanding and respond-
ing to patient queries and needs [10]. Such Al-driven systems are crucial in
preventing complications, reducing hospital readmissions, and improving the
overall quality of life for patients with chronic conditions, thereby transform-

ing telehealth services into more personalized and efficient care solutions.

2.1.3 Al in Medical Research and Drug Discovery

In the realm of research and drug discovery, Al has taken significant strides
by enabling the analysis of complex biological data and speeding up the drug
development process. Al systems use predictive models to identify potential
drug candidates and simulate their interactions with biological targets. This
not only reduces the time and cost associated with traditional drug discovery

but also increases the likelihood of finding effective therapies. Moreover, Al-



driven analysis of medical literature and clinical data helps in identifying

novel therapeutic pathways and understanding disease mechanisms.

2.1.4 Al in Medical Billing and Claims

The impact of Al also extends to administrative functions such as medical
billing and claims processing, where it automates routine tasks, reduces er-
rors, and ensures compliance with healthcare regulations. Al systems stream-
line these processes by extracting relevant information from unstructured
data, thus allowing healthcare professionals to focus more on patient care

rather than administrative duties.

2.1.5 Al in Robotic Surgery

Al-enhanced robotic surgery represents a transformative development in sur-
gical practices, significantly improving outcomes and patient experiences. In
many leading hospitals, surgeons now employ robotic systems that allow
them to conduct complex procedures with unprecedented precision. By ma-
nipulating robotic arms from a computer console, surgeons can gain a mag-
nified, three-dimensional view of the surgical site, enhancing their ability to
perform delicate operations. This technology not only facilitates a high de-
gree of precision but also allows for minimally invasive procedures, which are
associated with fewer complications, reduced postoperative pain, and faster
recovery times. As Al continues to evolve, the integration of these technolo-
gies in robotic surgery is poised to further revolutionize surgical practices,
making surgeries safer and more accessible while reducing the physical strain

on surgeons and enhancing collaborative team efforts during operations [11].

2.2 Ophthalmic Imaging

Ophthalmic imaging plays a pivotal role in the diagnosis and management of
intraocular tumors, offering a diverse array of techniques each suited to differ-
ent aspects of tumor evaluation. Various imaging techniques are employed,

each with its specific utilities, enabling precise assessment and treatment



monitoring. Here, we explore the primary imaging modalities used in oph-
thalmology, their collection methods, and their diagnostic significance. The
choice of imaging technique depends on the specific characteristics of the
tumor and the clinical information needed. As technology advances, these
imaging tools continually evolve, offering finer detail and broader diagnostic
capabilities, which are essential for the effective management of intraocular

conditions.

2.2.1 Fundus Photography and Ultrawidefield Imaging 2

Fundus photography, utilizing specialized cameras through dilated pupils,
has long been integral to ophthalmology for capturing detailed images of
the retina, revealing vital information about retinal lesions’ color, size, and
features. Ultrawidefield (UWF) imaging enhances this capability by offering
extensive visualization of peripheral retinal lesions, invaluable for assessing le-
sion morphology and monitoring progressive changes. This technology serves
in diagnosing and managing a variety of ocular conditions beyond tumors,
such as diabetic retinopathy, age-related macular degeneration, glaucoma,
and retinopathy of prematurity. Figure 2.8 in Section 2.3 is a typical fundus
photograph, which is the main focus of this study. Figure 2.2 is an example
of a UWF image. Despite its advantages, UWF imaging has limitations,
including compromised color fidelity and peripheral distortion. Advances
in retinal imaging, such as non-mydriatic cameras and integration of ar-
tificial intelligence, continue to refine the accuracy and diagnostic utility of
these visual assessments, aiding in the early detection and treatment of these

sight-threatening conditions.

2.2.2  Ultrasonography (A-Scan and B-Scan) 4

Ultrasonography remains a cornerstone in medical imaging, particularly ef-
fective for assessing a variety of intraocular conditions, including tumors. A-
Scan ultrasonography provides quantitative data essential for detailed charac-

terization of ocular structures, such as tumor height, internal reflectivity, and

2Adapted from [12]
3Image from [13]
4Adapted from [14]



Figure 2.2: An ultrawidefield (UWF) image 3

vascularity. Meanwhile, B-Scan ultrasonography offers a two-dimensional
spatial view, depicting the shape, size, and exact location of lesions within
the eye, critical for identifying potential extraocular extensions. These imag-
ing techniques are invaluable not only for tumors but also for diagnosing and
managing other significant ocular issues such as vitreous hemorrhages, retinal
detachments, and ocular infections. Additionally, they are instrumental in
detecting foreign bodies and evaluating ocular impacts of systemic diseases
like diabetes and hypertension, which may manifest as changes in the eye’s
internal structure. By providing real-time, comprehensive visualizations, ul-

trasonography is an indispensable tool in the field of ophthalmology.
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Figure 2.3: A-Scan (left) and B-Scan (right) Ultrasonography °

*Images from [15] and [16]



2.2.3 Fluorescein and Indocyanine Green Angiography °

Fluorescein angiography (FA) and Indocyanine Green (ICG) angiography are
advanced diagnostic tools used primarily in ophthalmology to assess vascular
structures within the retina and choroid. FA is particularly adept at identi-
fying retinal changes such as leakage or neovascularization, which are criti-
cal for diagnosing conditions like diabetic retinopathy, macular edema, and
macular degeneration. However, FA does not effectively image the choroidal
circulation, which is where ICG angiography excels. ICG angiography pro-
vides enhanced visualization of the choroidal vasculature and can penetrate
through hemorrhages, making it invaluable not just for assessing obscured
tumors but also for conditions like central serous chorioretinopathy, poly-
poidal choroidal vasculopathy, and blockages of retinal veins such as branch
retinal vein occlusion (BRVO) or central retinal vein occlusion (CRVO). Both
these angiographic techniques are essential for tracking disease progression,

targeting treatment areas, and ultimately aiding in the effective management

of various ocular diseases.

Figure 2.4: Fluorescein (left) and Indocyanine Green (right) Angiography

scals 7

2.2.4 Optical Coherence Tomography 8

Optical Coherence Tomography (OCT) has transformed ophthalmic imag-

ing by providing high-resolution, cross-sectional views of the eye, crucial for

6Adapted from [17]
"Images from [18] and [19]
8 Adapted from [20]



diagnosing and monitoring a variety of ocular conditions. It is particularly
valuable for detailed visualization of retinal layers, aiding in the assessment of
intraocular tumors and deeper structures like the choroid and sclera through
Enhanced Depth Imaging OCT (EDI-OCT). OCT is indispensable for man-
aging diseases such as glaucoma, by measuring retinal and optic nerve thick-
ness, age-related macular degeneration, diabetic retinopathy, and macular
edema. It also assists in the evaluation of macular pucker and holes, offer-
ing critical insights that guide surgical planning and disease management,

making it a vital tool in modern ophthalmology.

Figure 2.5: An Optical Coherence Tomography (OCT) scan ?

2.2.5 Fundus Autofluorescence '°

Fundus Autofluorescence (FAF) is a non-invasive imaging technique that ex-
ploits the natural emission of light from fluorophores within the eye, like
lipofuscin, which accumulates due to age or cellular stress. This method is
particularly useful for identifying early signs of diseases by detecting abnor-
mal autofluorescence patterns indicative of metabolic changes. While FAF
is instrumental in diagnosing ocular tumors such as melanomas and nevi, its
applications extend to a variety of other retinal conditions. It is effective in
tracking the progression of age-related macular degeneration (AMD), par-

ticularly geographic atrophy, and in managing retinal dystrophies like Star-

9Image from [21]
10Adapted from [22]



gardt disease and retinitis pigmentosa. FAF also helps in assessing central
serous chorioretinopathy, hydroxychloroquine toxicity, and pattern dystro-
phies, making it a versatile tool in the detection and monitoring of several
retinal diseases where changes in the retinal pigment epithelium play a crucial

role.

Figure 2.6: A Fundus Autofluorescence (FAF) scan !

2.3 Retina 2

The retina is a vital, light-sensitive layer of tissue located at the back of the
eye’s interior. This complex layer is responsible for capturing light photons
that enter the eye, converting them into electrical and chemical signals, and
transmitting them to the brain to create visual images. The retina is a part of
the eye’s innermost layer, along with the vascular choroid and fibrous sclera,
which together form the ocular fundus. The retina itself consists of several
key structures, including the optic nerve, which transmits visual information
to the brain, the macula (especially the fovea at its center), which is crucial
for sharp central vision, and numerous supporting cells and blood vessels

that maintain the retina’s health and functionality.

Hlmage from [21]
12 Adapted from [23]
BImage from [24]
MImage from [25]
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Figure 2.8: A labeled diagram of a retina'

Retinal health is crucial, yet several diseases can affect it, impacting vision
quality and life overall. Diseases such as age-related macular degeneration
(AMD), diabetic retinopathy, and retinitis pigmentosa directly affect the
retina, leading to varying degrees of vision loss. AMD, for example, deterio-
rates the macula, leading to loss of central vision, while diabetic retinopathy
involves damage to the retinal blood vessels, potentially resulting in blind-
ness. Other conditions like glaucoma and retinal detachment also pose signif-
icant threats to vision by affecting the optic nerve and the structural integrity

of the retina, respectively.
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2.4 Choroidal Nevus and Melanoma
Choroidal nevus and melanoma are conditions of the eye that involve the
choroid, a layer of blood vessels between the retina and the sclera. A choroidal
nevus is essentially a benign mole found within the eye, similar to a skin mole,
and is quite common with varying prevalence but generally considered harm-
less. In contrast, a choroidal melanoma is a malignant tumor and is far rarer
yet more dangerous. Despite the common benign nature of choroidal nevi,
there is a small but significant risk that these can transform into malignant
melanomas. This transformation is estimated to occur in approximately 1
in 8,845 cases annually, with the risk slightly increasing with age. Studies
have demonstrated the progression of a nevus into melanoma: a recently
published longitudinal study of 3806 choroidal nevi, imaged with optical co-
herence tomography (OCT), ultrasonography, and standard wavelength aut-
ofluorescence, revealed transformation into melanoma in 5.8% patients at 5
years and 13.9% patients at 10 years, using Kaplan—-Meier analysis [27].
Both choroidal nevi and melanomas can appear similar, making differentia-
tion a critical aspect of ophthalmic diagnosis. Both can exhibit pigmentation
and affect similar locations within the choroid, and both may present with
or without symptoms such as visual disturbances or apparent visual field
defects. However, choroidal melanomas tend to demonstrate more aggres-
sive features such as irregular shapes, the presence of orange pigment, and
subretinal fluid, which are less common in nevi. The progression of a nevus
into a melanoma involves changes in size, thickness, and color, which neces-
sitate careful monitoring. Early identification and treatment can drastically
improve survival rates, as the potential for metastasis increases with the size

and progression of the tumor.

2.5 Risk Factors Associated with Development of
Nevus to Melanoma

The following risk factors have shown to be linked to the development of a

choroidal nevus into melanoma by Shields et al. [27]:

15 Adapted from [26]
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Figure 2.9: Distinguishing a nevus (left) from a melanoma (right) can be a
challenging task

2.5.1 Nevus Diameter 16

Nevus diameter is a critical metric in ophthalmology for assessing the po-
tential risk of choroidal nevi transforming into malignant melanomas. The
diameter of a nevus, when evaluated through techniques such as fundus pho-
tography or ultrasonography, provides crucial information on its growth dy-
namics and malignancy risk. Typically, nevi with a diameter less than 5
mm are considered less likely to evolve into melanomas; however, larger di-
ameters, especially those over 7 mm, significantly increase the suspicion of
malignancy. Regular monitoring of the diameter is essential, as a documented

increase over time can be a strong indicator of malignant transformation.

2.5.2 Nevus Thickness 17

Nevus thickness is another important diagnostic indicator in the evalua-
tion of choroidal nevi for potential malignant transformation into choroidal
melanomas. Thickness measurements, often obtained through ultrasonogra-
phy or optical coherence tomography (OCT), provide essential insights into
the structural characteristics of the nevus. A thickness of 2 mm or more
is particularly concerning, as it significantly elevates the risk of malignancy.
Regular assessments of nevus thickness are crucial for detecting early signs of
transformation, as increases in thickness can suggest active cell proliferation

and potentially malignant behavior.

16 Adapted from [28]
17 Adapted from [28]

13



2.5.3 Orange Pigment ®

In ocular oncology, orange pigment is a biomarker often associated with ac-
tive choroidal melanomas. This pigment appears as granular, orange-colored
deposits primarily overlying small choroidal nevi and melanomas. Histori-
cally, its presence indicates an elevated metabolic activity within the tumor.
Fundus autofluorescence (FAF) imaging techniques have proven particularly
effective for detecting these bright, focal accumulations, which shine with a

hyperautofluorescent glow indicative of high lipofuscin content.

Figure 2.10: Large clumps of orange pigment in a choroidal melanoma !°

The trajectory of orange pigment in response to therapeutic interventions,
however, has been less understood and sporadically documented. Following
treatments like plaque radiotherapy, changes in the visibility and intensity of
orange pigment can serve as a barometer for treatment efficacy. For instance,
a gradual fading of this pigment, as seen in some clinical cases, suggests
a reduction in tumor activity and cellular decay. This pigment reduction
is possibly due to the death of lipofuscin-containing macrophages and the

overall reduction of the tumor’s metabolic processes.

2.5.4 Subretinal Fluid 2°

Subretinal fluid (SRF) refers to the accumulation of fluid beneath the retina
(Figure 2.11), a condition often observed following scleral buckle surgery for

treating retinal detachments. This fluid, sometimes detectable only through

18 Adapted from [29]
YTImage from [30]
20 Adapted from [31]
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optical coherence tomography (OCT), can lead to varying degrees of visual
recovery issues. From a technical standpoint, the persistence of SRF is cru-
cial as it suggests ongoing retinal detachment or incomplete attachment,
influencing the effectiveness of surgical interventions. Research shows that
factors like the surgical method employed and the initial state of the macula

can significantly impact the likelihood of persistent SRF.
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Figure 2.11: Subretinal fluid accumulation beneath the retina?!

2.5.5 Visual Acuity 2

Visual acuity is a term used to describe the clarity or sharpness of one’s
vision, which is commonly measured using the standard 20/20 vision test.
This test involves reading letters from a Snellen chart (Figure 2.12) positioned
20 feet away, where ”20/20” indicates that an individual can see clearly at
20 feet what should normally be seen at that distance. A variation from
this norm, such as 720/100,” would mean that the person must be as close
as 20 feet to see what someone with standard vision sees at 100 feet. While
20/20 vision represents a benchmark for visual sharpness, it does not provide
insights into other essential visual functions such as peripheral awareness, eye
coordination, depth perception, focusing ability, and color vision.

Different visual conditions, such as myopia (nearsightedness), hyperopia
(farsightedness), and presbyopia (age-related loss of close focusing ability),
can impact visual acuity. These conditions are usually diagnosed during

a comprehensive eye examination and can often be corrected with glasses,

2'Image from EyeCarePD
22 Adapted from [32)]
ZTmage from [33]
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Figure 2.12: A Snellen chart®

contact lenses, or vision therapy. In instances where vision impairment stems
from an eye disease, specific treatments such as ocular medication might be

necessary.

2.5.6 Internal Reflectivity 24

Internal reflectivity is a key parameter in ocular imaging that helps distin-
guish benign choroidal nevi from malignant choroidal melanomas. In the
context of ocular oncology, internal reflectivity relates closely to the concept
of acoustic hollowness, which is a characteristic often observed in malignant
lesions such as choroidal melanomas. This property is typically assessed using
B-scan ultrasonography: low to medium internal reflectivity on a B-Scan is
indicative of acoustic hollowness, which contrasts with the higher reflectivity
observed in benign conditions like choroidal nevi.

The measurement of internal reflectivity is crucial in early cancer detec-
tion, specifically for identifying choroidal melanoma before it manifests more
visible symptoms or signs of growth. Features such as a choroidal excavation

or an irregular lesion shape with low internal reflectivity are suggestive of a

24 Adapted from [28]
ZTImage from [34]
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Figure 2.13: B-Scan ultrasonogram showing dome-shaped choroidal mass
with acoustic hollowness, characteristic of choroidal melanoma 2

melanoma rather than a nevus. Regular echographic follow-ups are recom-
mended, especially when a lesion presents ambiguous features, to monitor

any changes over time that might indicate malignancy.

2.6 Artificial Neural Networks 26

Artificial neural networks (ANNs) are computational models inspired by the
brain’s neural networks. They mimic the way neurons in the brain com-
municate through a network of interconnected nodes, representing artificial
neurons. The structure of an ANN includes multiple layers: the input layer,
one or more hidden layers, and the output layer. Each layer contains nodes or
neurons, and each neuron in one layer connects to every neuron in the next
layer, forming a dense network. The input layer receives the initial data,
while the hidden layers perform computations using activated functions to
transform the input into something the output layer can use. Notably, deeper
layers (more hidden layers) allow the network to learn more complex patterns
through a process called deep learning.

The operation of an ANN involves two main phases: the forward pass
and backpropagation (Figure 2.14). During the forward pass, input data is
passed through the network, and each neuron applies a weighted sum of the

inputs, followed by an activation function to introduce non-linearities into

26 Adapted from [35]
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the output. The true power of neural networks lies in the backpropagation
algorithm; this is where the network learns from errors. The network adjusts
its weights based on the error gradient of the loss function, which measures
the difference between the actual output and the predicted output. This
training is often conducted using stochastic gradient descent (SGD) or similar
optimizers, which help minimize the loss function over batches of training
data.

Forward Propagation

“ Iterative process until

loss function is

» minimized

‘ redictions (V') True Values (y)

N/

’ Weight .
update Loss Score Loss Function

—

Backward Propagation

Figure 2.14: A neural network with its main phases explained?’

The effectiveness of ANNs stems from their ability to approximate any
continuous function, given sufficient data and computational power. This
capability is known as the universal approximation theorem. Additionally,
the depth and breadth of a network — its number of layers and neurons —
can be adjusted to capture more complex patterns in the data. ANNs have
shown remarkable success in tasks that involve large amounts of data and
complex relationships that are difficult for humans to encode manually. Their
ability to learn from examples makes them extremely versatile and powerful

across a broad spectrum of applications.

YTmage from [36]
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2.7 Vision Transformer

Vision Transformers (ViTs) have gained prominence following the introduc-
tion of the Transformer architecture, famously detailed in the paper ” Atten-
tion is All You Need” by Vaswani et al. [37], which revolutionized natural
language processing with its attention mechanisms. This concept was ex-
tended to the realm of computer vision by the paper ”An Image is Worth
16x16 Words” by Dosovitskiy et al. [38], which adapted the Transformer
model for image classification tasks. Unlike traditional models that process
images through convolutional layers, Vision Transformers treat images as se-
quences of fixed-sized patches (like words in a sentence), where each patch is
equivalent to a "token” in NLP tasks. These patches are flattened, linearly
embedded, and positionally encoded to maintain their sequence information
before being fed into the transformer encoder.

The architecture of ViTs is comprised of several components that work
together to process these image patches. The core component is the multi-
head self-attention mechanism that allows the model to weigh the importance
of different patches relative to others, enabling it to focus on the most relevant
parts of an image for a given task. This is complemented by feed-forward
neural networks that apply transformations to the attention outputs, and
layer normalization that helps in stabilizing the training of deep networks.
The entire sequence of patches passes through these layers repeatedly in what
are known as transformer blocks. The effectiveness of Vision Transformers
comes from their ability to learn spatial hierarchies and global dependencies
between patches, which traditional convolutional neural networks (CNNs)
achieve less directly. ViTs can generalize better on larger datasets and diverse
tasks because they do not inherently assume any spatial hierarchies, making
them flexible and scalable compared to CNNs that heavily rely on the local

connectivity of image data.

2.8 Foundation Models 2

ZImage from [37]
29 Adapted From [39]
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Figure 2.15: Architecture of a Vision Transformer

28

Foundation models represent a significant shift in the landscape of artifi-
cial intelligence and machine learning. Unlike traditional machine learning
models which are trained for specific tasks, foundation models are designed
to provide a generalized understanding of data across a broad spectrum of
tasks. These models are pretrained on vast, diverse datasets, enabling them
to capture intricate patterns and structures that can later be fine-tuned to
specific applications. This approach allows foundation models to serve as a
versatile baseline from which specialized capabilities can be developed with
additional training on more focused datasets.

The popularity of foundation models can be attributed to their unique
ability to leverage transfer learning and scale, allowing them to be adapted to
a wide range of industries and applications. They have revolutionized sectors
such as natural language processing and computer vision. In healthcare, for
instance, Al models based on attention mechanisms, a key component of
many foundation models, have shown to outperform traditional convolutional
models in various image classification tasks. This superiority, however, relies
heavily on the availability of extensive data for training. In scenarios where
data is scarce, particularly in the case of specialized diseases, the adaptive
capability of foundation models becomes crucial. By starting with a model
that has a broad base of pre-acquired knowledge, healthcare professionals can
fine-tune algorithms to achieve high performance even with limited data,

addressing specific challenges such as diagnostic imaging and personalized
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medicine.

2.9 Receiver Operating Characteristics Curve 3

The Receiver Operating Characteristics (ROC) curve is a graphical represen-
tation used to evaluate the effectiveness of a binary classifier system. It plots
the true positive rate (TPR) against the false positive rate (FPR) across
varying threshold levels, providing insights into the classifier’s performance
under different conditions.

Each point on the ROC curve represents a specific balance between TPR
and FPR, where TPR, also known as sensitivity, indicates the proportion
of actual positives correctly identified by the classifier. In contrast, FPR,
which is one minus the specificity, shows the proportion of negatives falsely

identified as positives:

TP FP
= —— FPR = ———
TP + FN FP + TN
Figure 2.16 shows a confusion matrix that highlights the relationship be-

TPR

tween these quantities.
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Figure 2.16: A confusion matrix 3!

30 Adapted from [40]
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The ROC curve typically starts at the bottom left corner (representing
a classifier that predicts no positives and, hence, has zero TPR and zero
FPR) and ends at the top right corner (indicating a classifier that predicts
all positives).

Perfect
classifier ROC curve
1.0®

True positive rate

Falze positive rate

Figure 2.17: Example ROC curves 32

The layout of an ROC curve can give significant insights into the classifier’s
nature, as shown in Figure 2.17. A perfect classifier would display an ROC
curve that shoots straight up to the top left corner, indicating a TPR of
1 (100% sensitivity) and an FPR of 0 (100% specificity). This ideal point
suggests no misclassifications. Conversely, a random classifier’s performance
would manifest as a diagonal line from the bottom left to the top right of the
plot, reflecting a scenario where the TPR and FPR are equal — essentially no
better than random guessing. The area under the ROC curve (AUC) provides
a succinct scalar value summarizing the overall ability of the classifier to avoid
false classification. An AUC of 1 represents a perfect classifier, while an AUC
of 0.5 suggests no discriminative power better than random chance.

Through these metrics, ROC curves assist in comparing different classi-
fiers. For instance, among multiple ROC curves, the one closest to the top
left corner, or with the highest AUC, indicates the superior classifier. Such
visual and quantitative analysis helps in fine-tuning the thresholds and im-

proving the prediction accuracy of models, making ROC curves indispensable

31Tmage from [41]
32Image from [42]
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in the toolkit of machine learning practitioners evaluating binary classifica-

tion systems.

2.10 Grad-CAM 33

Gradient-weighted Class Activation Mapping (Grad-CAM) is a valuable in-
terpretability technique employed to generate visual explanations for deci-
sions made by a wide array of convolutional neural network (CNN) based
architectures. Grad-CAM operates by utilizing the gradients associated with
a specific class as they propagate through the final convolutional layer. This
process yields a localization map; when this map is superimposed onto the
original image, regions depicted in darker shades have a greater influence on

the prediction of the particular class.
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t-Distributed Stochastic Neighbor Embedding (t-SNE) is a statistical method
designed to visualize complex high-dimensional data by mapping it into a

two or three-dimensional space. This non-linear dimensionality reduction

33 Adapted from [43]
34Tmage from [44]
35 Adapted from [45]
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technique is particularly effective in arranging data such that similar items
are positioned closely in the map, while dissimilar items are spaced apart.
The technique is applied across various fields such as genomics, language
processing, and bioinformatics, assisting in the intuitive presentation of data
clusters and patterns that are difficult to discern in high-dimensional spaces.

The operation of t-SNE involves two primary steps. Initially, it models a
probability distribution over pairs of high-dimensional data points, assigning
higher probabilities to similar pairs and lower probabilities to dissimilar ones.
Following this, t-SNE constructs a corresponding probability distribution
in the lower-dimensional space and aims to minimize the Kullback-Leibler
divergence between these two distributions, preserving the local structure of
data.
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CHAPTER 3

RELATED WORK

Recent advancements in neural networks have demonstrated significant po-
tential in enhancing disease detection and prognosis, often surpassing the
diagnostic accuracy of highly skilled professionals [46]. In ophthalmology,
deep learning techniques have been applied to fundus images to diagnose
several retinal diseases. Abramoff et al. [47] and Gulshan et al. [48] were
one of the first to demonstrate the use of deep learning to detect diabetic
retinopathy (DR) in fundus photographs with reasonably high performance.
More recently, Heydon et al. demonstrated a 95.7% sensitivity for referable
DR using an assembled dataset spanning 30,000 patients [49]. Others have
utilized UWF images for DR detection [50] and OCT scans for detection
of age-related macular degeneration (AMD) [51]. An Al application on a
smartphone was also developed that achieved high sensitivity for detecting
referable DR [52]. Al has also shown to be instrumental in detecting systemic
conditions such as cardiovascular disease [53] that are linked to the retina
due to hypertension and atherosclerosis. More recently, models predicting
multiple retinal diseases [54] and models utilizing the newer, more powerful
Vision Transformers [55, 56] have dominated performance metrics for retinal
diseases.

Progress in Al is instrumental in areas like oncology, where early detection
can dramatically influence treatment outcomes and patient survival rates.
Kaliki et al. developed methods for detecting retinoblastoma and predicting
its size using fundus photographs [3]. Similarly, Zhang et al. applied deep
learning techniques to predict the presence of uveal melanoma based on iris
color and iris images in a Chinese population [57]. Additionally, Yoo et al.
introduced a low-shot DL model that can detect conjunctival melanoma in
ocular surface images [58], further demonstrating the pivotal role of Al in
enhancing diagnostic accuracies in ophthalmologic cancers.

Significant advancements have been made to differentiate between choroidal
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nevi and melanoma using diverse data types. Zabor et al. leveraged tabu-
lar data — comprising clinical and demographic information from patient
examinations and medical records — to identify risk factors indicating the
potential transformation of a nevus into melanoma [59]. They utilized a lasso
regression model to distinguish between patients with nevus and melanoma,
highlighting the variables with the most non-zero coefficients in their boot-
strapped lasso model. Complementing this approach, Dadzie et al. explored
the use of fundus photographs to differentiate nevus from melanoma, em-
ploying various color fusion techniques to enhance diagnostic accuracy [60].

A white paper by Shields et al., published in 2021, discusses the potential
of Al in detecting and predicting the progression to melanoma using ocular
images [61]. Thus far, only Iddir et al has described the use of an image-based
machine learning algorithm to classify risk factors for choroidal lesion trans-
formation to choroidal melanoma [62]. This study was able to accurately
identify risk factors and differentiate lesions utilizing ultra-widefield fundus
imaging and B-scan ultrasonography. While novel, limitations include in-
sufficient data and a narrow focus on multimodal images that include both
nevi and melanoma, thus potentially biasing the identification of crucial risk
factors like subretinal fluid and orange pigment. This study underscores
the necessity for a broader approach that avoids the constraints of multi-
modal imaging, thereby enhancing the clinical utility and adoption of these
Al-driven diagnostic tools.

This study distinguishes itself by employing an extensive dataset com-
prising images from various cameras and lenses, focusing exclusively on ex-
tracting risk factors directly from these images. Unlike previous studies, the
approach prposed in this study does not rely on multimodal imaging; while
the analysis of multiple modalities may be advantageous in the accurate di-
agnosis of choroidal lesions, the utility of a model that exclusively utilizes
fundus images is much greater in general ophthalmology or optometry set-
tings. This streamlined method not only simplifies the diagnostic process but
also increases its applicability and utility in clinical environments, potentially

facilitating earlier and more accurate detections of ocular conditions.
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Table 3.1: Al applications in ophthalmology

Al in the Identification and Management of Retinal Diseases

Reference Application Data Approach Pros Cons
Abramoff et DR Fundus CNNs High Limited data; no
al. [47] photographs performance interpretability
Gulshan et DR Fundus CNNss High No interpretability
al. [48] photographs performance
Heydon et DR Fundus EyeArt High sensitivity No interpretability
al. [49] photographs v2.1.0 and specificity
(CNNs)
Nagasawa DR UWF images CNNs High Limited dataset
et al. [50] performance
Natarajan DR Smartphone Inception High Limited dataset; no
et al. [52] camera fundus V3 performance interpretability
photographs
Lee et al. AMD OCT scans CNNss High Limited dataset
[51] performance;
interpretability
Kim et al. 8 retinal Fundus ResNet50, High Dataset age
[54] diseases photographs VGG19, performance; distribution does
Inception interpretability not match disease
V3 onset age
distribution
Poplin et Cardiovascular Fundus Inception High Limited dataset;
al. [63] risk factors photographs V3 performance; wide confidence
interpretability intervals
Wu et al. DR Fundus ViT High Higher computa-
[55] photographs performance tional /space
complexity
Xu et al. AMD Fundus Hierarchical High Limited dataset
[56] photographs ViT performance;
interpretability
Kaliki et al. RB Fundus Mobile-Net High Limited dataset;
[64] photographs V2 SSD interpretability mediocre
performance
Zhang et al. UM Iris images U-Net, Decent Limited dataset;
[57] Random performance pre-processing
Forest, susceptible to errors
CNN
Yoo et al. Conjunctival Ocular surface GoogleNet, High Limited dataset
[58] melanoma images Inception performance;
V3, interpretability
NASNet,
ResNet50,
MobileNet
V2
Al in Discrimination of Choroidal Nevus from Melanoma
Reference Application Data Approach Pros Cons
Zabor et al. Small Choroidal Clinical features Lasso High Unbalanced dataset;
[59] Melanoma vs Logistic performance; obtaining clinical
Choroidal Regression limited data adds extra step
Nevus interpretability
Dadzie et Small Choroidal Fundus DenseNet121 High Limited dataset
al. [60] Melanoma vs photographs performance;
Choroidal interpretability
Nevus
Iddir et al. Risk factors of Ultra-widefield ResNet18 High Limited nevus
[62] uveal melanoma fundus imaging performance + images with risk
in choroidal and B-scan interpretability factors compared to

nevi

ultrasonography

melanoma images
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CHAPTER 4

DATA

This section presents a comprehensive overview of the data utilized in this
study, detailing the sources, composition, and preparatory methods of the
datasets employed. The research was approved by the Mayo Clinic Institu-
tional Board Review (IRB) and was conducted in accordance with the tenets
of the Declaration of Helsinki. These approvals ensured that all data collec-
tion and handling processes adhered strictly to ethical standards and legal
requirements, emphasizing the protection of patient privacy and the integrity

of the scientific inquiry.

4.1 Choroidal Nevus Data

This study included a retrospective detailed analysis of 18,000 fundus images
and electronic health records (EHR) obtained from Mayo Clinic, Rochester,
MN . The dataset included widefield color fundus photos and ultrawidefield
optos photos from 509 patients, collected from July 2019 to August 2023.
Each patient contributed between 2 and 40 images, captured from multiple
angles of the same eye. Up to 110 attributes were obtained for each pa-
tient, including clinical (medical history, symptoms, etc.) and non-clinical
attributes (age, gender, etc.). The basis of data collection was the presence
of a choroidal nevus in either or both eyes. Figure 4.1 displays some ex-
amples of choroidal nevi with/without risk factors that have shown to be
highly associated with the potential development of a choroidal nevus into a

melanoma.
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Figure 4.1: Choroidal nevus images with different risk factors

4.2  Control Data

The construction and utilization of control datasets are critical in validat-
ing the robustness and specificity of the predictive models developed in this
study. Two distinct control sets were prepared, each serving a unique purpose

in the experimental design.

4.2.1 Control Set I

Control Set I is built using images extracted from the primary nevus dataset,
specifically selected because they do not contain a choroidal nevus. The
inclusion of these images in our analyses allows us to examine the model’s

behavior in the absence of the targeted nevus, while also maximizing the
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utility of available data. Such a setup is pivotal for assessing whether the
model erroneously attributes nevus-associated risk factors to images devoid
of nevi. A robust model should ideally demonstrate a low false positive rate in
this context, indicating its ability to accurately distinguish between relevant

and irrelevant features in the images.

4.2.2 Control Set 11

Control Set I was formulated to further test the generalizability and robust-
ness of the model across a broader range of fundus images. This dataset was
also procured from Mayo Clinic, Rochester, MN, and consists of 500 images,
evenly split between 250 optos and 250 colored fundus images. These images
are obtained from patients who do not present any symptoms of choroidal
nevus, melanoma, or other ocular conditions with similar clinical symptoms.
This set acts as a held-out test set, providing crucial insights into the model’s
performance on completely independent data. Testing the model on Control
Set II helps ascertain its capability to correctly classify images from individ-
uals who are not part of the study’s primary patient cohort, thus offering a

stringent test of its diagnostic precision in a real-world clinical scenario.
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CHAPTER 5

MODEL DESCRIPTIONS

This section describes the AI models employed in this study as the proposed
approach or as a baseline for comparison. It outlines their architectural
nuances and relevance to the tasks at hand. Each model discussed has been
chosen for its unique capabilities in handling specific challenges associated
with the analysis of medical imaging data, particularly retinal images. The
descriptions provide insights into the foundational principles of each model,
their operational mechanisms, and their efficacy in extracting and utilizing

visual features crucial for disease diagnosis and prognosis.

5.1 RETFound

Following extensive research on the utility of foundation models, we incor-
porated RETFound, a foundation model specifically developed for retinal
images [65]. The dataset used to train the model contained 1.6 million reti-
nal images collected from various private and public sources. The model
was trained in a self-supervised image reconstruction task to learn gener-
alizable representations that are not explicitly labeled yet capture crucial
visual features. RETFound has been shown to perform well in downstream
tasks across a variety of ocular diseases and imaging conditions, as well as
in disease prognosis and predicting systemic diseases. This approach was
shown to consistently outperform traditional transfer learning models, offer-
ing a more robust framework for tackling complex diagnostic challenges in
ophthalmology.

The architecture of RETFound features a large Vision Transformer as
the encoder, comprising 24 transformer blocks with an embedding vector
size of 1024, while the decoder—used during the self-supervised training

phase—consists of a small Vision Transformer with 8 transformer blocks and
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an embedding vector size of 512 (Figure 5.1). After self-supervised training,
the decoder is discarded, and a linear binary head is attached to the encoder
for targeted training and inference on downstream tasks. The combination of
a pre-trained encoder and a classification head in the model architecture has
proven to be an effective low shot learning technique [66]. This is especially
relevant for our study, where some risk factors in the dataset exhibit a signif-
icant class imbalance, highlighting the utility of this approach in managing

sparse and uneven data distributions.
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Figure 5.1: RETFound architecture and training procedure

5.2 DINOv2

DINOvV2 is an advanced self-supervised learning model that employs Vision
Transformers (ViTs) to learn visual representations without requiring labeled
data [67]. This model is built on the principle of knowledge distillation, where
a student network learns to replicate the output of a simultaneously evolv-
ing teacher network. The architecture of DINOv2 typically features multiple
transformer blocks, with the teacher network being slightly larger than the
student to maintain a robust learning gradient. What makes DINOv2 par-
ticularly innovative is its ability to handle complex visual data and extract
high-quality features by leveraging the self-distillation approach, effectively

teaching itself by refining the student’s predictions towards the teacher’s out-
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puts. This approach allows DINOv2 to develop a nuanced understanding of
visual features that are useful across a broad range of tasks including image
classification, object detection, and semantic segmentation. Its ability to op-
erate effectively without labeled data makes it highly popular in scenarios

where acquiring annotated datasets is challenging or expensive.

5.3 ResNet

ResNet, short for Residual Network, is a highly influential neural network ar-
chitecture in the field of deep learning [68]. It introduced the novel concept
of residual learning to tackle the degradation problem in training very deep
networks. By integrating skip connections, or shortcuts that allow layers to
learn residual functions with reference to the layer inputs, ResNet makes it
possible to train networks with hundreds, even thousands, of layers effec-
tively. These features address the vanishing gradient problem by allowing
the training signal to be directly propagated through the network. ResNet
models are popular due to their simplicity and their ability to achieve high
accuracy in various visual tasks with less computational complexity com-
pared to deeper, plain networks. The architecture’s versatility and efficiency
have seen wide adoption in tasks such as image recognition, object detection,
and segmentation, making it a widely utilized model in both academic and

industrial applications.
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CHAPTER 6

IMPLEMENTATION & EXPERIMENTAL
DESIGN

This chapter outlines the workflow adopted for processing, analyzing, and
validating nevus data within our study. It details the procedures from initial
image preprocessing to final model evaluation, highlighting the methodologies

employed to ensure robust and generalizable results in clinical diagnostics.

6.1 Nevus Data Preprocessing

For the study, the original fundus images, captured at a resolution of 2392 x
2048 pixels, were carefully processed to ensure quality and consistency. For
each patient we chose a single comprehensive image that captured the entire
nevus, and if additional images exhibited varying angles of the same nevus,
these too were incorporated into the analysis. Images compromised by signif-
icant noise, motion blur, or lighting artifacts were excluded from the study.
Furthermore, any cases lacking clear, complete views of the colored fundus
in a single frame were omitted. Ultra-widefield (UWF) images were also ex-
cluded from the study due to the added challenges that their small number
and restricted visibility presented. After narrowing down the collection, the
study proceeded with 1540 images from 384 patients, an average of 4.0 £ 2.3
images per patient. Each selected image was resized to 224 x 224 pixels to
comply with the proposed architecture’s input requirements. To enhance
data variability and robustness against overfitting, 2 random augmentations
were applied from a set of 15 possibilities using the RandAugment function
from the PyTorch Tmage Models (timm) library [69]. This preprocessing ap-
proach is utilized to reduce overfitting and enhance the AI model’s ability to

reliably interpret and learn from visual inputs.
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6.2 Experimental Setup

We employed stratified k-fold cross-validation to address the challenges posed
by an imbalanced dataset and a limited number of images for training and
validation. Data was divided into five distinct folds; in each cross-validation
cycle, four folds were designated for training and validation, while the fifth
served as the test set. This strategy enabled us to leverage the entire dataset
for testing by rotating the test fold, thereby enhancing the reliability of our
performance metrics. The Area Under the Receiver Operating Character-
istic curve (AUC) was computed across all images to evaluate the average
performance of the model, ensuring that our results reflected the model’s

capability across the entire dataset rather than a restricted subset.
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Figure 6.3: Model training/validation workflow

To combat the challenge of a dataset imbalance, we oversampled images
from the minority class during training. This oversampling approach may
introduce overfitting, however the data augmentations introduced (Section
6.1) mitigate this potential issue. In parallel, we also ran experiments uti-
lizing weights based on class ratio rather than oversampling and compared
the results. Both strategies employed specific loss functions to optimize our
models effectively. For the oversampling strategy, the standard cross entropy

loss function was used, defined as:

M

L=— Z Yo.c 10g(Do.c) (6.1)

=1

Where L represents the loss, M is the number of classes, y, . is a binary

indicator for whether class c¢ is the correct classification for observation o,
and p,. is the predicted probability for observation o belonging to class c.

For the weighted strategy, the weighted cross entropy loss was utilized,

described by:
M
L==) e Yoclog(po) (6.2)

c=1
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Figure 6.4: Model training strategy

In this equation, w,. are the weights applied to each class to account for
imbalances, with other terms defined as in the standard cross entropy.

We trained six different binary classification models targeting each iden-
tified risk factor respectively (Figure 6.3). Models were trained using the
AdamW optimizer with a batch size of 16 and a base learning rate of 5e~3.
Each model underwent a training process spanning 300 epochs to achieve
convergence. Models with the best validation loss were chosen for testing
purposes (Figure 6.5). Training was performed on Mayo Clinic’s HPC clus-
ter, mForge, which contains A100 and V100 GPUs.
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Figure 6.5: Model choice based on best validation loss (red arrow)
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6.3 Controls Setup

Control Set I was screened to eliminate images affected by motion blur or
adverse lighting, similar to the primary nevus dataset. This subset contained
4,195 images, averaging 9.2 + 6.0 images per patient. From Control Set
I1, we excluded Ultra-widefield (UWF) images, consistent with the primary
nevus dataset’s criteria, resulting in a subset of 250 images. After tuning
hyperparameters with the validation set and reporting the AUC on the test
data, the entire nevus dataset was used to train the models. These models
were then evaluated on the control sets. We did not use AUC as the metric for
the control test because the ROC curve requires both positive and negative
instances to plot true positive rate against false positive rate. With only one
class, calculating these rates is impossible. Therefore, we chose accuracy to

evaluate the Al models on the control sets.

6.4 Nevus Detector Setup

To evaluate the robustness and adaptability of the proposed architecture for
different tasks, we conducted an additional test to predict the presence of a
choroidal nevus in an image. We used the primary nevus dataset for images
containing nevi and Control Set II for images without nevi. The model was
trained and validated using the same strategies as the risk factor classification

models, employing both oversampling and weighted loss techniques.
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CHAPTER 7

RESULTS

This chapter presents the results of our analysis using the datasets and exper-
imental setup described in the previous sections. The findings showcase high
performance across various diagnostic models, providing detailed insights
into patient attributes and associated risk factors. We also visualize various
model performance metrics for a comparative analysis among different risk

factors and datasets.

7.1 Patient Data Analysis

Patients in the study that were preprocessed for experimentation were pri-
marily White (99.0%) followed by Hispanic (0.5%) and Asian and Middle
Eastern (0.25% each). The distribution of clinical features and risk factors is
shown in Table 7.1. 61.5% of the patients in the study are females, compared
to 38.5% males. The average age of the patients is 61.8 years old. Among the
risk factors, the diameter > 5mm risk factor is most widely present (48.3%),
followed by the low internal reflectivity risk factor (31.7%) and the orange
pigment risk factor (14.6%).

Interestingly, and crucially for this study, we found that 161 (39.9%) af-
fected eyes in the preprocessed dataset contain a nevus but do not exhibit
any of the risk factors (Table 7.2). Only 8 (2.0%) affected eyes contain 4 risk
factors, while none of the affected eyes contain either 5 or 6 risk factors. The
significant fraction of patients not exhibiting any risk factors highlights the
potential of our Al model to reduce unnecessary referrals, thereby reducing
the burden on healthcare systems and escalate care for patients who truly

require specialist intervention.
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Table 7.1: Summary of patient attributes and associated risk factors

Attribute Quantity Risk Factor Y/N (%)  Total
Sex (M/F) 148 (38.5%) / 236 (61.5%) - 384
Age (mean =+ std) 61.8 £ 17.0 - -
Distance to ON (mm) 48 £ 3.7 - -
Distance to fovea (mm) 44+ 39 - -
Diameter (mm) 5.7+ 3.1 195 / 209 (48.3 / 51.7)
Thickness (mm) 1.0 + 0.7 23 / 381 (5.7 / 94.3)
Orange Pigment - 59 / 345 (14.6 / 85.4) 404
Subretinal Fluid - 13 /391 (3.2 / 96.8)

Visual Acuity - 22 /382 (5.4 / 94.6)
Internal Reflectivity - 128 / 276 (31.7 / 68.3)

Table 7.2: Number of risk factors per eye in dataset

Risk Factors Number of Eyes

0 161 (39.9%)
1 103 (25.5%)
2 92 (22.5%)
3 41 (10.1%)
4 8 (2.0%)
5 0 (0.0%)
6 0 (0.0%)
Total 404 (100%)

7.2 Risk Factor Classification

The effectiveness of the proposed diagnostic approach is illustrated in Table
7.3. The Diameter > 5mm model achieved the highest performance, with an
AUC of 0.93, followed by the Thickness > 2mm and Low internal reflectivity
models with AUC of 0.84 and 0.82, respectively. Figure 7.1 presents the
ROC plots for all risk factors stacked up against each other, and Figure
7.2 summarizes the average AUC on the train, validation, and test sets for
the model with the best validation AUC for each of the risk factors. The
models were thoroughly tested in Chapter 8 to validate their robustness and

interpretability.
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Table 7.3: Risk factor classification results

Risk Factor AUC

Diameter > bmm 0.93 £ 0.05
Thickness > 2mm 0.84 + 0.07
Orange pigment 0.70 £ 0.07
Subretinal fluid 0.77 £ 0.08
Visual acuity loss 0.63 £ 0.10
Low int. reflectivity 0.82 %+ 0.06

True Positive Rate
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Figure 7.1: ROC curves for risk factor classification

7.3 Controls Data Evaluation

Tables 7.4 and 7.5 summarize the evaluation results for the AI models on
Control Sets I and II, respectively. The models achieved an average accu-
racy of 97.9% for Control Set I and 99.3% for Control Set II across all risk
factors. This high accuracy indicates that the models effectively distinguish
normal images from those containing nevi or those at risk of developing into

melanoma, minimizing the likelihood of false positives in clinical assessments.

7.4  Summarizing Model Performance for All Datasets

Figure 7.3 summarizes the distribution of the model predicting the presence
of a risk factor when the ground truth was the presence/absence of the risk

factor, and for the two control sets. For all risk factors, the model was more
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Figure 7.2: AUC for train, val, and test set for risk factor classification

confident predicting a risk factor when it was actually there, compared to
when it was now. For the controls data, especially, the models were very
confident in their prediction as the violin plots are highly skewed towards a
lower confidence. The violin and swarm plot distributions highly correlate
with the AUC, as expected; the higher the AUC, the more the distributions

for the presence/absence of nevus are separated from one another.

Table 7.4: Evaluating proposed model on Control Set I

Risk Factor Accuracy
Diameter > 5mm 0.98
Thickness > 2mm 1.00
Orange pigment 0.94
Subretinal fluid 1.00
Visual acuity loss 1.00

Low int. reflectivity 0.97

7.5 Nevus Detection

Table 7.6 presents the results of nevus detection using the two proposed

strategies: weighted loss function and oversampling. The models achieved an
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Table 7.5: Evaluating proposed model on Control Set 11

Risk Factor Accuracy
Diameter > bmm 1.00
Thickness > 2mm 1.00
Orange pigment 0.97
Subretinal fluid 1.00
Visual acuity loss 1.00

Low int. reflectivity 1.00

AUC of 0.89 + 0.11 with the weighted loss function strategy, and an improved
AUC of 0.91 £ 0.05 with the oversampling strategy. These results indicate
that oversampling provides a more robust performance for nevus detection,
leading to more reliable identification of nevi and potentially reducing the

risk of missing early signs of melanoma in clinical settings.

Table 7.6: Nevus detection results

Strategy AUC
Weighted loss function 0.89 £+ 0.11
Oversampling 0.91 £ 0.05
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Figure 7.3: Distribution of risk factor prediction for different data categories
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CHAPTER 8

DISCUSSION & FUTURE WORK

This section delves into the critical aspects of model evaluation, particularly
focusing on our architecture’s comparative performance against established
baselines. We discuss the model’s interpretability and the techniques em-
ployed to ensure it is understandable and accessible to both medical profes-
sionals and patients, thereby increasing confidence in its use. This chapter
also explores the implications of the findings for future research and potential

enhancements in model design and deployment.

8.1 Model Performance Comparison

Table 8.1 summarizes a comparative analysis between the proposed architec-
ture and various configurations of ResNet. These results illustrate that our
model consistently outperforms ResNet across various test scenarios, even
with smaller input image sizes, thus indicating our model’s robustness and

its refined capability to analyze retinal images efficiently.

Table 8.1: Comparison of AUC scores across different models and
resolutions

Risk Factor Ours ResNet-18 ResNet-50 ResNet-18
(224x224) (224x224) (224x224) (512x512)
Diameter > S5mm 0.93 £ 0.05 0.92+0.02 091 £0.02 0.87 £ 0.03
Thickness > 2mm 0.84 +£ 0.07 0.77 =£0.04 0.80 £ 0.07 0.54 £+ 0.13
Orange pigment 0.70 £ 0.07 0.62 =0.03 0.64 £ 0.07 0.48 + 0.07
Subretinal fluid 0.77 £ 0.08 0.44 +0.28 0.73 £0.20 0.45 £+ 0.10
Visual acuity loss 0.63 + 0.10 0.53 £0.21 0.53 £0.06 0.48 £ 0.15
Low int. feflectivity 0.82 £+ 0.06 0.80 + 0.06 0.76 + 0.09 0.80 + 0.07
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8.2 Model Interpretation

8.2.1 Understanding Model Behaviour For Varying Risk
Factors

To validate our model’s effectiveness, we utilized t-SNE to visualize high-
dimensional embeddings in two dimensions. Figure 8.1 illustrates this, with
data point colors indicating actual nevus diameters and thickness, respec-
tively. While t-SNE is not able to generate distinct clustering between data
points with and without the risk factor, the visualization approximates a
separation of nevi diameters around the 5mm threshold and nevus thickness

around the 2mm threshold even for highly compressed data points.
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Figure 8.1: t-SNE visualization for nevus diameter (left) and thickness
(right)

Furthermore, we illustrate model output confidence against the actual di-
ameters and thickness of choroidal nevi in the retinal images (Figure 8.2). We
show that the model’s confidence in the presence or absence of the Diameter
¢ dmm risk factor increases as the nevus diameter increases or decreases, re-
spectively. We observe a similar trend for the Thickness ; 2mm risk factor as
well, although the separation is less pronounced compared to the diameters.

These experiments shed further light on the AI models’ interpretability.

8.2.2 Saliency Maps

We generated saliency maps using Grad-CAM to provide insights into how

the model focuses on specific image areas to determine risk factors (Figure
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Figure 8.2: Model confidence for varying nevus diameter (top) and
thickness (bottom)

8.3). While Grad-CAM is conventionally utilized for convolutional neural
networks (CNNs), we apply it to the final output of the encoder, which
has the dimensions N x 197 x 1024, where N represents the batch size.
In the dimension with 197 elements, the first element is designated as the
class token. Consequently, the remainder of the output is interpreted as a
14 x 14 spatial image with 1024 channels, upon which Grad-CAM is employed.
These maps reveal that the model primarily concentrates on the nevus and
its boundaries, highlighting the anatomical features most relevant for risk

assessment.

8.2.3 Evaluation of Diameter for Varying Zoom Levels

Recognizing the potential deployment across varied imaging technologies, we
conducted experiments to assess model performance under different camera
zoom levels. By simulating various zoom scenarios through image cropping
and padding, we determined the model’s robustness across a spectrum of
visual scales. Results are shown in Table 8.2; the maximum drop in per-

formance observed is only 5.28% which confirms the model’s consistent per-
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Figure 8.3: Saliency maps for different risk factors

formance, ensuring reliability regardless of the imaging equipment used in

clinical practice.

8.3 Limitations

This study faces several limitations that must be acknowledged. Firstly, the
dataset comprises images from a single institution, which may not represent
the demographic and clinical diversity seen across different geographic loca-
tions. This limitation could affect the generalizability of the findings to other
populations. Additionally, certain risk factors are underrepresented in our
dataset, such as the presence of subretinal fluid, which is observed in only

3.2% of the patients that are part of this study. Despite employing advanced
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Table 8.2: AUC for different zoom levels - Diameter > 5mm

Zoom in/out Zoom level AUC Percentage drop

- - 0.93 &+ 0.05 -
In 20% 0.89 & 0.02 3.78%
40% 0.88 &£ 0.01 4.64%
Out 20% 0.88 = 0.01 4.64%
40% 0.88 £ 0.02 5.28%

data augmentation techniques to address this issue, the scarcity of examples
limits our ability to thoroughly evaluate the model’s performance for these
specific risk factors. A more robust validation could be achieved with an in-
dependent test set that includes a wider variety of scenarios featuring these
underrepresented risk factors, further strengthening the study’s conclusions

and applicative reliability.

8.4  Future Work

Future research could focus on several key areas to extend the findings of
this study:

e Integration with other imaging modalities: While this study primarily
utilized choroidal nevi retinal images, future studies could incorporate
the ability to add other imaging modalities if available, such as op-
tical coherence tomography (OCT) and ultrasonography, to enhance

diagnostic accuracy and validate the findings.

e Expansion of the dataset: To improve the generalizability of the Al
models, future work could include a more diverse dataset that covers
different demographic groups and geographic locations. It could also
include data that exhibits certain risk factors, such as subretinal fluid,
even in the absence of choroidal nevi; the goal would then be to learn
representations of particular risk factors from a wide variety of images,

thereby improving generalizability.

e Real-time diagnostic tools: Development of a real-time diagnostic tool
that can be integrated into clinical workflows, providing instant risk

factor assessments for choroidal nevi transformation into melanoma.
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e Longitudinal studies: Conducting longitudinal studies to track the pro-
gression of choroidal nevi over time in the same patients, which could
provide more insights into the natural history and risk factors associ-

ated with their transformation into melanoma.

e Explainability and user trust: Further exploration into model explain-
ability to increase trust among clinicians by providing understandable

insights into how the AI models make their predictions.
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CHAPTER 9

CONCLUSION

This study has demonstrated the potential of artificial intelligence in en-
hancing the detection and characterization of choroidal nevi and their trans-
formation into melanoma. By leveraging advanced machine learning tech-
niques and a substantial dataset of retinal images, the developed models
show promising results in identifying critical risk factors associated with the
disease. The findings not only contribute to the scientific community by
improving understanding of choroidal nevi but also pave the way for future
innovations in ophthalmic imaging and diagnostics. The implications of this
research are profound, offering a pathway toward more accurate, efficient,

and accessible diagnostics in ophthalmology.
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